Introduction
Fibromyalgia (FM) is a chronic musculoskeletal disease with evidence suggesting that it results from a dysfunction of central pain processing pathways. 1, 2 The clinical characteristics of FM include the hallmark symptom of chronic widespread pain, which is a key feature required for diagnosis, 3 as well as a constellation of other symptoms such as sleep disturbances, headaches, fatigue, reduced function, anxiety, and depression. 4 The prevalence of FM in the US has been estimated to be between ~2% and 6%, 5, 6 with middle-aged women disproportionately affected. 
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Margolis et al Management of FM remains challenging despite the development of guidelines that recommend use of several medication classes 8, 9 and the approval by the US Food and Drug Administration of three medications indicated for its treatment (duloxetine, milnacipran, and pregabalin). While opioids have been consistently reported to be one of the most commonly prescribed pain-related medications in patients with FM, 2, [10] [11] [12] [13] [14] they are neither effective nor recommended for long-term management, 15, 16 with only weak opioids such as tramadol suggested in guidelines. 8, 9, 17 There is evidence suggesting that prescribing of opioids is also associated with a lower likelihood of being prescribed guideline-recommended FM medications. 2 In addition to the patient burden associated with FM resulting from impaired function, productivity, and quality of life, [18] [19] [20] [21] health care resource utilization is significantly higher in patients with FM than among non-FM controls. 22, 23 This greater utilization has a substantial economic impact that also appears to be greater as FM severity increases. 24 Identifying drivers of health care resource utilization in patients with FM and factors associated with this use can inform development of strategies to more efficiently manage these patients. The emergence and implementation of electronic health records (EHR) provides an opportunity to explore how these data can be used to evaluate and understand resource utilization in patients with FM. [23] [24] [25] [26] Such an understanding may provide a first step in developing strategies to improve health care for patients with FM and reduce costs.
EHRs capture longitudinal, patient-level clinical data that represent integral components of provider care, allowing more complete evaluation of a wider range of variables than would be available in health care claims or other observational data sources. 25 Included in EHRs are textual data not associated with a diagnosis or other coding, which can be recorded as structured data (e.g., physical assessments) or as unstructured text. 25 Thus, an additional strength of EHR is this ability to capture unstructured information in the notes fields, and since many symptoms attributable to FM, such as sleep disturbances, fatigue, and headache, are not necessarily represented in claims, reports of these symptoms can be harvested from the unstructured data. 23, 25, 26 While integration of EHR into the management of FM has previously been suggested as a means to improve patient care, 26 only two published studies have applied this technology to FM, both with the purpose of better understanding factors associated with a diagnosis. 23, 27 Therefore, the purpose of this study was to identify potential drivers of all-cause health care resource utilization and characterize factors associated with high resource use, using a large EHR database to explore data from patients diagnosed with FM.
Methods

Data source
This retrospective analysis used structured and unstructured data from the de-identified Humedica EHR database, which has broad representation across all geographic regions of the US. The database longitudinally captures data from hospitals, medical groups, and integrated delivery networks, including information on demographics, diagnoses, and a complete range of inpatient and outpatient encounters as well as medications ordered. Humedica aggregates de-identified EHR data from providers across the continuum of care. Records are linked using a unique patient identifier and are fully compliant with the Health Insurance Portability and Accountability Act (HIPAA). The database was certified to satisfy conditions set forth in Sections 164.514 (a)-(b)1ii of the HIPAA privacy rule regarding the determination and documentation of statistically de-identified data. Therefore because this study used only de-identified patient records and did not involve the collection, use, or transmittal of individually identifiable data, Institutional Review Board (IRB) approval to conduct this study was not required.
The structured data include demographic information, clinical characteristics, and health care resource utilization. Unstructured data were searched for information on FM pain symptoms using Natural Language Processing (NLP) techniques. The Humedica NLP system was developed using vocabulary from the Unified Medical Language System that includes multiple medical dictionaries such as the Logical Observation Identifiers Names and Codes and the Systemized Nomenclature of Medicine-Clinical Terms. These data are harvested from the notes fields within the EHR, and each NLP concept included in the data is associated with a unique identifier and a date of observation, which also allows longitudinal tracking.
Population
The evaluated population consisted of adults (≥18 years at index) identified with FM based on ≥2 International Classification of Diseases, Ninth Revision codes for FM (729.1) ≥30 days apart between January 1, 2008 and December 31, 2012 and who had ≥12 months continuous care pre-and post-index, with continuous care determined using the "first month active" and "last month active" fields, reflecting the first and most recent months with recorded health care activity events in the Humedica data set. The first reported FM diagnosis was the index event. Patients were excluded if they had evidence during pre-or post-index study periods of a diagnosis, procedure, or an indication of transplant surgery or cancer, except for basal cell or squamous cell skin cancers and benign neoplasms.
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Increased resource use in fibromyalgia Outcomes and analyses All-cause health care resource utilization during the 12-month post-index period was examined using descriptive statistics (proportions of patients and units of resource) for the resource categories of inpatient admissions, emergency room, medications ordered, physician office visits, physical therapy, radiology, laboratory, and other outpatient visits (ie, excludes physician office visits, radiology, laboratory, and emergency room). For evaluation of medications, pharmacotherapy use was defined as evidence of a National Drug Code on an outpatient prescription order. The medication may have been prescribed for any of the patient's conditions, including but not limited to FM. Evaluation of opioid use was also stratified as those mentioned in FM guidelines (weak opioids including tramadol, codeine and codeine combinations, and tapentadol) and those not recommended in guidelines. 8, 9, 17 Comorbidities and clinical symptoms, including those reported in prior FM studies, were identified during the pre-and post-index study periods from evidence of an International Classification of Diseases, Ninth Revision, Clinical Modification diagnosis code (for conditions where codes were available) or a positive mention of the comorbidity in the unstructured text of the EHR, and grouped according to categories and nomenclature used in prior FM studies. 3, [4] [5] [6] [7] 28 Multivariable analyses using generalized linear models (GLMs) 29 were performed with demographic, clinical, and pharmacotherapy factors as covariates to determine how these characteristics related to high resource utilization. For analyzing the number of visits and number of medications, which were counts, negative binomial regression generalized linear modeling with a negative binomial distribution and log link was used. Negative binomial regressions, rather than Poisson regressions, were used because overdispersion of the counts compared with the Poisson is usual with this type of data. Overdispersion was confirmed by examination of scale factors based on the ratio of observed variances compared with those expected under a Poisson model ie, the means. To identify those covariates showing significance, a stepwise regression approach with forward selection was used with P-values of 0.05 for both inclusion and removal of covariates from the model. The level of statistical significance for all statistical tests was 0.05. All statistical analyses were conducted using SAS version 9.4 (SAS Institute Inc., Cary, NC, USA).
Results
Of 265,341 subjects with a diagnosis of FM between January 1, 2008 and December 31, 2012, a total of 64,038 met all other criteria for inclusion in the analysis. This population was primarily female (81.4%) and Caucasian (87.7%), with a mean 
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Margolis et al 19,350 (30.2%) patients for whom pain scores could be identified in the post-index period, the mean (SD) score was 3.9 (4.8).
As shown in Figure 1 , the health care resource categories used by the highest proportion of patients during the 12-month post-index period, were "medications ordered" (91.6%) and "physician office visits" (87.5%). Approximately half of the patients (50.3%) had "other outpatient visits," but resources indicative of diagnostic testing (ie, "laboratory" and "radiology") not included in "other outpatient visits" were used by substantially fewer patients. During this period, each patient had a mean (SD) of 15. in higher percentages of patients (hypertension (53.0%), hyperlipidemia (47.2%), arthritis/other arthropathies (52.6%), nausea/vomiting (45.4%), and depression (46.8%)) ( Table 2 ). The mean (SD) pain score (pain scales were scored 0= no pain to 10= worst pain; the data source did not identify names of specific pain scales used) was 4.5 (3.9), but pain scores, which were taken from the structured data, were only available for 2,321 patients (3.6%) during the pre-index period. Among the 
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Increased resource use in fibromyalgia followed by nonsteroidal anti-inflammatory drugs in 34.4%. Except for statins (24.4%), most of the drugs with high rates of prescribing were those that are often associated with pain ( Figure 2 ), including anti-epileptics (27.4%) and a variety of antidepressants, ranging from tricyclic antidepressants (10.2%) to selective serotonin reuptake inhibitors (20.0%).
When opioids were stratified by those within FM treatment guidelines (ie, weak opioids), just over one-third of the patients (38.3%) who were prescribed opioids received weak opioids, representing 16.9% of the overall population. However, 23,347 patients (82.4% of patients receiving opioid orders) were prescribed opioids not within FM guidelines, although individual patients could be receiving multiple opioids, including those within and not within the guidelines. Patients receiving opioid orders had a mean of 2.8 (3.0) prescriptions for opioids within FM guidelines and 5.8 (7.2) prescriptions for opioids not within guidelines during the 12-months post-index.
The results from negative binomial regression of the total number of all-cause post-index health care visits (Table 3) found the pre-index total number of health care visits to have the greatest association with higher post-index total health care visits (incident rate ratio 1.36). The model further showed that risk of higher health care resource utilization indicated by a higher number of total health care visits was significantly increased by 26% (P<0.001) among African-Americans (Table 3) relative to the comparator group (Caucasians), that is, an incident rate ratio (IRR) indicating 1.26 times as many health care visits. Similarly, there were several comorbid conditions associated with increased number of health care visits, ranging from a 6% increase for musculoskeletal pain and depression/bipolar disorder (both IRR 1.06) to a 21% increase (IRR 1.21) for congestive heart failure (all P<0.001). Ordering of opioids not within FM guidelines was also associated with a 12% increase (IRR 1.12) in health care visits relative to those The results from the negative binomial regression of number of prescriptions (Table 4) showed that the covariate associated with the greatest increase in prescriptions was being female, having an IRR with 23% more prescriptions than males. As with the factors contributing to overall health care resource utilization, the presence of specific comorbid conditions was also associated with increased medication prescriptions ( Table 4) .
Discussion
This analysis provides a practical example of how EHR may be used to characterize health care resource utilization and identify variables associated with high resource use. Consistent with studies using other data sources, this study found FM patients to be frequent users of health care resources and medications. 10, 11, 14, 20, 24 In this large population of FM patients, whose demographic characteristics were consistent with what may be expected for an FM population (ie, females of primarily middle age), 7 the primary drivers of all-cause health care resource utilization were "medications ordered" and "physician office visits." These resource categories were also characterized by high units of use per patient in the post-index period. In particular, medication utilization showed that, on average, patients were prescribed 21.2 medication orders for 11.3 different medications during the 12-month post-index period.
This high medication utilization may be related to the fact that these patients had a substantial comorbidity burden. This burden not only consisted of conditions that have been typically reported as being associated with FM, including numerous other musculoskeletal pain conditions and gastrointestinal disorders, but also conditions that have not generally been considered to be associated with FM such as hypertension and hyperlipidemia. 3, 4 The presence of conditions not necessarily associated with FM may not be surprising given the age demographic of this population, and yet other studies have found the same comorbidities in similar percentages of FM patients. 6, 11, 20, 24, 28, 30 As has been reported in previous studies of FM, 2, [10] [11] [12] [13] [14] opioids were the most frequently prescribed medication class. Notably, the proportion of patients prescribed opioids not mentioned in FM guidelines was approximately twice the 
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Increased resource use in fibromyalgia proportion who were prescribed opioids within guidelines. This is the first analysis to suggest and to quantify that such opioid prescribing may be associated with an increase in resource utilization in these patients. The reason for this association was not determined, but it has been reported that FM patients taking opioids have poorer outcomes than nonopioid users, 31 which may drive additional health care-seeking behavior. Recent studies have found improved scores for pain severity, pain interference, patient function, insomnia, disability severity, and depression severity in FM patients not taking opioids compared with those taking opioids. 15, 32 A recent observational study reported that the prescribing of opioids after FM diagnoses significantly reduced the likelihood of receiving a guideline-recommended medication. 2 Our findings of a 12% increase in health care visits for patients receiving opioids not within FM guidelines provide further evidence of the impact on health care resources in diagnosing and managing this complex condition, from the initial evaluation of patient's need for such opioids to the follow-up and monitoring of their effectiveness.
While antidepressants from various classes were also commonly prescribed, almost half of the patients (46.8%) had a diagnosis of depression in the post-index period, so it is likely that at least some antidepressant prescriptions may have been for depression, which is a commonly reported comorbid condition in FM. 6, 11, 14, 20, 24 Reasons for prescribing medications are inconsistently captured in EHR databases due to variations in current data entry practices, ie, providers using EHRs in the US are not required to provide reasons for each medication order and so commonly not entered.
An important observation is that, while use of NLP enabled a search for patients who had documented pain scores, these were inconsistently formatted and reported. Pain severity was documented among only 3.6% of patients during the 12 months prior to FM diagnosis, despite substantial proportions of patients with pain-related comorbidities such as painful musculoskeletal conditions and headache. While the proportion of patients with pain scores in the post-index period was higher, potentially indicating a greater rate of pain assessment after FM diagnosis, the proportion with a documented pain assessment any time during the 12-month post-index period was nevertheless less than one-third (30.2%) of the FM population. Such inconsistent and infrequent documentation makes it difficult to evaluate changes in pain severity over time, and also highlights the likelihood that among patients with this pain condition, the presence and severity of pain may not be regularly evaluated and/or recorded. Whether this lack of pain evaluation is limited to FM or is widespread in other pain conditions is not known, since there are no known studies that have evaluated the frequency of use of pain measures in usual clinical practice among patients with chronic pain conditions. Nonetheless, the low availability of pre-index pain scores indicates that the lack of pain assessment reporting is common.
Limitations
Although a strength of this study was its use of data derived from EHR, especially since EHRs are now operational in most health systems and with data not otherwise available from other observational sources, the data reported here are subject to potential errors in coding or record keeping at the point of the health care provider, as is the case with all database analyses. Therefore, ≥2 International Classification of Diseases, Ninth Revision codes were used to identify the evaluated population in order to minimize errors in FM coding and to improve the accuracy of identifying the FM cohort. However, it is also possible that there were patients with FM who were excluded from the analysis based on this more conservative inclusion criterion. Furthermore, EHR datasets only document the order by the health care provider and are not confirmatory that the order was followed. This limitation may be especially relevant for pharmacotherapy; medications ordered by the health care provider and documented in the EHR may not necessarily have been filled or administered to patients. Another limitation is that since resource utilization was regardless of cause, no implications can be made as to what extent the resources used were associated directly with FM. In this regard, since many of these patients had comorbidities, the prescribing of a specific medication could have been for a condition other than FM.
Conclusion
Using data from EHR, substantial all-cause health care resource utilization was observed among FM patients. Physician office visits and pharmacotherapy were identified as the two main drivers of all-cause health care resource utilization, and opioids were the most frequently prescribed medication class overall. While two demographic factors (female and African-American) were associated with high resource use, the majority of variables associated with greater health care resource utilization were comorbid conditions representing a variety of organ systems. However, prescribing of opioids was also associated with greater health care resource utilization. These results suggest that EHR can be a useful tool for identifying patients with high health care resource utilization.
Such identification represents an important first step in determining appropriate strategies for potentially managing patients with FM with a goal of improving patient outcomes and reducing medical costs.
